Open-ended evolutionary systems offer us the tantalising prospect of creating artificial life from simple precursors. One of the issues in designing open ended systems is that there exist few metrics for measuring their evolutionary activity. Current measures of evolutionary activity are only applicable to systems in which the fitness of a single component is defined by an explicit fitness function. However, this is not guaranteed in systems where a significant part of the fitness is intrinsic (for example caused by interactions between components). In this paper, we evaluate a new approach to the problem of measuring evolutionary activity that is applicable to systems exhibiting both explicit and intrinsic fitness pressures. To evaluate this measure, we ran 22,000 grid-based simulations of two automata chemistries, Tierra and Stringmol. Both of these systems have strong intrinsic fitness pressures. We examine the effect of varying the mutation rate in both systems, and demonstrate that the new measure identifies an optimal mutation rate.
Introduction
We are interested in the design of automata chemistries (AChems) that are capable of open-ended evolution. One of the issues in this arena is that it is very difficult to determine whether a design change has delivered an increase in open-endedness. This issue is well-known and has been studied since the beginnings of the ALife paradigm.
Evolution acts upon definable entities (components) in a system. A component is defined as any part of a genome, but is commonly used in ALife to refer to the entire genome of an individual. In ALife, a species can be a unique sequence of codes, and all entities in a system with the same sequence are assigned a single component label. In real biology, a species is to (a great extent) analogous to a component. Evolutionary activity measures based upon population dynamics can therefore be applied to both biological and ALife systems as long as a consistent definition of a component is used.
Evolutionary systems generate novel components by mutation. This process does not guarantee to increase fitness. Furthermore, many systems do not have simple genotypephenotype mappings, and many different components can have the same overall fitness. Different components with similar fitnesses exhibit neutral drift in their population sizes, as there is not sufficient difference in their fitness for one component to gain a significant selective advantage over another. Neutral drift is observable in both biological and ALife systems, and appears as a random walk. A measure of the propensity of a system to give rise to mutations that increase the overall system fitness (the Evolutionary Activity or EA of the system) is required to guide the design of ALife systems.
There are established ways of characterising the EA of a system by studying the population dynamics of new variants as they evolve through time (Bedau et al., 1997; Ray and Xu, 2001 ; Bullock and Bedau, 2006; Channon, 2006) . There are two problems with these measures: the first is that although they allow qualitative assessment of EA they do not deliver a numerical measure that can be used to compare designs; the second is that the method of accounting for neutral mutation requires that neutral mutations can be accessed or generated by the system whenever needed. This requirement implies that the fitness of the individual can be known completely, and the effects of fitness on selection can be negated. Yet ALife simulations, particularly "automata chemistries" (Dittrich et al., 2001 ) of any sophistication, tend to exhibit intrinsic fitness that cannot be factored out when neutral variants are required.
EA measures seek to identify components that have some new behaviour that confer a fitness advantage in the prevailing conditions. Such measures must discriminate between innovation (the production of novel components with a selective advantage) and neutral drift.
Early attempts to quantify neutral drift used secondary (shadow) simulations identical to the system under study (the foreground system) in which selective pressure has been removed, and thus all selection is neutral. However, over time the shadow and foreground systems diverge, making comparisons between them uninformative. For example, Ray and Xu (2001) tried to run a shadow simulation on Tierra (Ray, 1991) , but were unable to identify a measure that was capable of satisfactorily capturing the EA. The ap-proach was extended by Channon (2006) , who argued for continuous re-setting of the shadow throughout a run. These re-setting activities are expensive, and so are commonly not calculated for each time point. Furthermore, the shadow simulation approach is not applicable when studying systems with intrinsic fitness .
Systems with intrinsic fitness are not uncommon. In real biology, there is no explicit fitness function, thus all fitness is intrinsic. Similarly, the Stringmol AChem (Hickinbotham et al., 2010a,b) has no fitness function: the fitness of a component is defined solely by the dynamics of its interaction with other components. Tierra uses some small fitness measures to contribute to the ordering the "reaper" and "slicer" queues, but these pressures are by no means the only ones affecting survival. For example, in both of these AChem systems, resistance to parasitic attack is an important part of the phenotype of the individual.
Historically, EA measures were studied over small numbers of runs. These early measures allowed qualitative views of a trial to be created, and allowed innovative components in a trial to be identified quickly. The focus on individual runs was partially due to the computational overheads that are required to run these simulations, especially in work from over a decade ago. With the advent of cheap and fast grid computing, we are in a better position to research EA at the system level. It is straightforward to observe that most open-ended AChem systems follow very different trajectories between multiple runs due to their stochastic nature. Measures of a EA at the system level must therefore be based upon multiple runs, precluding the use of qualitative assessments. We require a single, numerical evaluation of a complete run, that forms a statistic for measuring the evolutionary power of the system design. In this respect, our work is different from previous contributions. We believe that measures such as these will form more powerful (statistical) indicators for AChem and ALife designers.
If we are designing systems that manage their own evolution, it will be important to have a quantitative measure of EA to allow comparisons to be made between configurations of a system, and in due course to improve the design of the system. Below we present an alternative means to accommodate neutral drift in measures of evolutionary activity. The new measure is based on the idea that systems of species which differ only in neutral regions of their genome will exhibit random walks in their populations.
Evolutionary Activity measures
The practicality of established methods for measuring EA are one their key strengths. It is usually straightforward to record the time, component type and component count of a simulation, and this is all that is required to develop an analysis of EA. The authors of this contribution have developed software in the R programming environment that reads in this data from a simple comma delimited list, and allows the figures and statistics presented here to be produced easily (Droop and Hickinbotham, 2011c) . Two established measures of EA are available, along with the new method we develop here.
For EA measures to be comparable across different systems, it is desirable that they are based on observable characteristics that are present across a wide range of ALife and Biological systems. Accordingly, EA measures (including our proposed approach) tend to be based on counts of individual belonging to a particular component (species) i ∈ I across discrete time samples t = 0 . . . T , where T is the total time that the system is run for and I is the set of different components observed in the system.
Framework
An excellent summary of the EA measure is presented in Channon (2006) , whose notation we follow here. The premise is that a component's activity should accumulate by some measure ∆, called the activity increment for every time sample in which it is observed. In order to generate summary statistics for a system, values of ∆ are obtained for every component. Summaries can be obtained over time steps, over components, or over a combination of both. There are several ways to calculate the value of ∆. Here we describe methods based on the presence of a component, ∆ P , and methods based on population counts ∆ C . The earliest and simplest formulation ∆ P is a Boolean function over the presence of a component i at time t:
The idea is that the utility of the component is reflected in its longevity (the number of time steps for which it is present in the simulation). It is clear that ∆ P takes no account of the numbers of individuals at each time step, so an alternative, ∆ C uses counts (c i,t ) of individuals for each time step:
For any increment ∆, the activity a is calculated using:
Note the phrase "exists" has a special meaning here -a component exists in all time steps between the time it is first observed, and the time that it is last observed. Since a gives activity per component, the total cumulative evolutionary activity A t at each time step is:
As stated above, measurement of EA using shadow simulations is not appropriate in systems with intrinsic fitness. If the shadow approach is utilised, the shadow run allows us to estimate the neutral activity a N , and this allows us to estimate the adapted activity a A by:
Where a * can be either a P or a C . This approach neglects the contribution to fitness of an individual that is afforded by other components in the system. This effect is not negligible in automata chemistries, where the process of interaction between individuals is an essential part of the system. Furthermore, steady-state periods increase the values of a for both measures. Whilst this is useful for interpreting individual plots (since it emphasises the more dominant components), it is not itself a measure of EA. With these observations in mind, we develop a quantitative measure of non-neutral EA below that does not require the use of a shadow model.
Non-Neutral Evolutionary Activity
Our measure is based on the observation that if mutations in a population were neutral, then the size of the population of each component would follow a random walk from one time point to the next. On average, the population sizes of a neutral variant of a component should be approximately equal between neighbouring time points -there will of course be some small variation around this average. Further, we can assume that any marked increase above the predicted population size is a good indicator that a component has some fitness advantage that allows it to increase in number, commonly at the expense of other components.
Using the notation given above, we develop a new activity increment ∆ N . Firstly, we calculate the total population C at time t:
and use this to calculate the species proportions p i at t:
The expected proportion e i of a component is simply the proportion observed in the previous time step:
The new activity measure is the square of positive values of p − e scaled by the total population at t:
In this metric, EA is encapsulated as the difference between p i,t and e i,t . By squaring the difference between p i,t and e i,t (reminiscent of simple statistics of variation and concepts of inertia), we emphasise these differences. Figure 1 shows the change in value of ∆ P , ∆ C , and ∆ N for a period of evolutionary activity in a run of the Stringmol AChem. The population dynamics of each component are shown in the top plot. There are three phases in the plot.
The first phase has a single dominant species (shown in red). This period ends when two new components arise, one of which increases rapidly, and one of which increases slowly. These components are themselves replaced by a new dominant species that remains dominant for the rest of the time shown in the plot. Below this plot, figure 1 displays (from top to bottom) changes in a i for all components based on ∆ N , ∆ P , and ∆ C respectively. It is clear that both ∆ P , and ∆ C (the two lower plots) emphasise the dominance of particular component types, but ∆ N (second from top) specifically highlights the EA caused by the introduction of new components. We believe that this is a more useful measure of evolving systems, since periods of (relative) stasis do not score highly with ∆ N .
Experiments
In order to demonstrate the EA measures at the system level, we selected two automata chemistries (Tierra and Stringmol) and calculated the EA for a range of different mutation rates. We chose Tierra because it is arguably the most famous automata chemistry in ALife, and has been referenced in Bedau et al's original work. Stringmol represents a very different set of design choices, and was selected to test the applicability of our EA measure to multiple AChems. The mutation rate is an obvious variable to experiment with in most ALife scenarios for multiple reasons: no only is it key in any evolving system, but it is likely to exhibit an optimum rate (low values lead to stasis, whilst high values cause error catastrophe (Eigen, 2002) ). Due to the stochastic nature of mutations (especially at low mutation rates), multiple runs of each system are required to generate reliable statistics. In this work, each system was run 100 times for each parameter set utilising the Volvox grid at the University of York. Each simulation was allowed to run for a maximum of 1 × 10 9 time steps. The authors have previously carried out large scale simulations with Stringmol (Droop and Hickinbotham, 2011a) , but these experiments did not use EA measures.
Tierra Configuration
We used Tierra 6.02 in our experiments, but applied the patch developed by Rav (2011) . We also edited the source code to deliver a file in a format that is compatible with our R analysis libraries. These are available on the authors' website (Droop and Hickinbotham, 2011c) .
For a detailed overview of Tierra, see Ray (1991) . A Tierra simulation consists of a set of individual "programs" existing in a "soup" of memory. The individual in Tierra is a string of opcodes and a set of registers. The opcodes specify a sequence of computational operations that shifts values between the opcodes and the registers in a manner similar to conventional computers. The individuals compete for processor time, which is allocated via a control structure called a slicer. Another controller, the reaper determines whether an individual should be deleted or not at each time step. The system is seeded with a set of individuals containing codes that instruct the system to perform operations on locations in memory in order to create a copy of the individual. The locations of the copies are determined by shifting pointer addresses around according to some match function. Individuals are not easily able to defend themselves against being overwritten, but since pointers are moved by a match function, it is advantageous for the individual to have nothing for the match function to match with. In addition, the shorter the individuals instruction set is, the more rapidly it can be copied.
We made three changes to the canonical Tierra system and the "gb0" simulation that comes with the software. The first of these was to set the mutation rate to a specific value for each simulation, rather than making it a variable that changes during run-time as a function of the average component length. This was done to ensure that there was no danger that drifting mutation rates would mask the changes that the activity measure was designed to detect. The second change was to set all mutation rates to zero except for the "RateMovMut" parameter, which was varied by seven orders of magnitude. The third change allowed us to increase the mutation rate up to a point where no symbol could be copied successfully, whereas the original code only allowed a maximum rate of one mutation per component. See table 1 for the mutation values we used. Additional changes were made to the code to gather statistics, but none of these interfere with the function of the program.
Stringmol Configuration
Stringmol is a modern automata chemistry designed to be much simpler than its forebears by placing less emphasis on registers and memory addressing, and more emphasis on the process of binding as a precursor to a reaction between components. An individual in Stringmol consists of a string of opcodes and four program pointers. There are no queues for processor time or death -both of these are selected stochastically. Components survive and multiply by copying themselves more quickly (on average) than they are destroyed. Individual components only run their programs when they bind to other individuals, meaning that an individual has no opportunity to interfere with its neighbours, unless it can bind to it. This was designed to emulate the specific binding properties of enzymes and substrates, and makes the system much less noisy than Tierra. In these experiments, we used the configuration of Stringmol as described in Hickinbotham et al. (2010a) . Although we set a limit of 1 billion time steps on the simulations, this was never reached because simulations in this configuration always terminate due to parasitism.
Mutation Rates
The value of the mutation rate requires special interpretation in both Tierra and Stringmol. In Tierra, the "RateMovMut" parameter specifies the number of mutations that will occur when a component of a particular length is copied. For example, a rate of 32 would mean that on average, 1 in 32 copies of a component would contain a mutation. But if the lengths of components changes, then this rate would change. To allow us to compare Tierra with Stringmol, we chose to specify mutation rate in terms of the fraction of mutations per copy operation. A value of 0.1 indicates that one mutation will occur every 10 operations. We can easily map this value to "RateMovMut" in Tierra, using twice the component length of 80.
1 The mutation rates used in this work are 
Results

Tierra
The number of components and values of A N , A P and A D for 100 runs of Tierra at each of 22 different mutation rates are shown in figure 2. A run with the standard ("si0") settings of Tierra was also done to allow comparison -this is shown as the left hand column of each plot in the figure.
The effect of the mutation rate on the number of component types in the system increases up to m −1 = 80, and then declines to a steady rate when m −1 > 5. This fits with the idea that up to a point, mutation increases diversity; but beyond that the system loses its ability to self-maintain so that nothing but diversity remains, with little functional structure available to perform any useful action. The peak in diversity is important, because it should set an upper bound on the value of m within which EA should be maximal: if the EA measure is maximal above this, then it is just measuring noise. We would expect that a good EA measure would peak somewhere between the point where it is clear that the mutation rate is so low that long periods of stasis are evident and the point where the diversity is at its highest.
The A N measure on the Tierra trial exhibits these properties, whereas A P and A C show positive and negative cor- Figure 2 indicates that the A N value is maximal at a mutation rate corresponding with 1280 copies per error. This value is in line with our expectations -neither low enough to cause long periods of stasis nor high enough to cause errors to damage the system's ability to self-maintain. This is good evidence that the new EA measure has some utility in designing ALife systems.
The EA values for the original Tierra settings (left hand boxplots in figure 2) are interesting since they are approximately level with the highest-scoring value for mutation in the single mechanism we used in our experiments. Thus the default parameter settings, with many different mutation mechanisms offers little improvement over a single mutation mechanism. This implies that Tierra has many mechanisms that are superfluous to the core evolutionary activity, and shows that the new measure gives us an opportunity to develop systems including Tierra in a more principled manner rather than via ad hoc emulation of biological processes. Figure 3 Shows the median-scoring run out of the set for the mutation rate with the optimum A N score (m −1 = 8, centre), and for mutation values five increments lower (left) and higher (right) than this optimum. This also illustrates that the measure is effective, since we can see that the lower mutation rate does demonstrate long periods of stasis, whereas the higher mutation rate shows perpetual turnover of component types in smaller populations during the trial. Although A P and A C also indicate this graphically, the summation of the values in the plots does not capture the values that allow the optimum mutation rate to be evaluated without costly visual examination of the plots.
Stringmol
We find similar results with Stringmol as we did with Tierra, as shown in figure 4 . In Stringmol, parasitism can halt the system completely, so the lifetime of trials is much more variable than for Tierra. Due to the fact that Stringmol does not have a fixed runtime, we divided by runtime to normalise the scores for all EA measures. If we do not normalise the A N measure by the lifetime of the trial, we find emphasis on more stable runs (figure 4), whereas if we divide by lifetime, we find emphasis on runs with a short lifetime and rich dynamics. These are shown in figure 5 . Figure 6 shows typical plots for Stringmol as described for Tierra in figure 3, above. We show four columns, for values of m −1 ranging from 2,621,440 to 160. It is clear that the A N measure is responding to mutation rates which promote evolutionary activity, but we suggest that the effect of parasitism is so great that it skews the new EA measure towards a higher mutation rate than the optimal. This compares favourably wth , A P and A C , which score very low mutation rates (m −1 = 2,621,440) highly. The measures respond to periods of extreme stasis in Stringmol, rather than the evolutionary activity that we seek to identify.
Broadly speaking then, we find the picture is the same as for Tierra: the new EA measure is capable of detecting runs that match a rate that appears intuitively correct -sufficient diversity, with a balance between stasis and catastrophe. We believe that these data support our assertion of the effectiveness of our Non-Neutral approach to measuring EA.
Comparing Stringmol with Tierra
Our analysis has also highlighted some issues with the AChems that we studied. Tierra runs rarely terminate, even when there is no significant reproduction occurring. Although Tierra has a facility for terminating runs when copy operations are not observed, at high mutation rates it is more common that some copy operations are happening, but they are failing to produce any new individuals since their surrounding apparatus is not sufficiently well realised. We tend to see that the reaper queue is never utilised because there is no pressure on space (i.e. memory) in the environment in which the organisms exist. Tierra is a noisy system, yet since death only occurs when resources become limited, energy is shared more liberally, and interactions are not limited by any ability to bind, there is activity even when mutation goes beyond the rate at which mutation causes "error catastrophe" (Eigen, 2002) . The major drawback of Stringmol is that the emergence of parasites appears to be guaranteed. The specificity of the binding routine appears to be a limiting factor in the ability of the system to explore the fitness landscape before perishing. However, it is worth noting that the pathway of mutation between opcodes in the configuration of Stringmol we used here has already been improved upon (Droop and Hickinbotham, 2011b) . The new measure we have devised here will be a useful additional tool in designing a more benign mutation configuration.
Conclusion
Whilst established measures of evolutionary activity based on presence or counts of components yield useful visualisations of evolutionary data, they do not give a quantitative measure that can be used for tuning the system, especially where fitness in the system is intrinsic. We have presented a new measure of evolutionary activity that satisfies this requirement. We have evaluated the approach on two systems that we understand sufficiently to interpret the results. The predicted dynamics were observed experimentally, and successfully detected by the new EA measure.
The dynamics of Stringmol showed similar, if more restrained effects to those exhibited by Tierra. The most marked difference between the two platforms occurred at high mutation rates, where the system was incapable of surviving beyond the initial population. Utilising the new EA measure, we plan to investigate how design of the seed component, the binding strategy and the way opcodes are interchanged through mutation can change the ability of the system to produce open-ended novelty. In real biology all fitness is intrinsic as there is no fitness function. As ALife systems become increasingly sophisticated, intrinsic fitness is bound. Our approach focusses on minimising the contribution of neutral mutations to the dynamics of an evolving system, which allows intrinsic fitness of individuals to be revealed as they become active in establishing a component in a population.
